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Abstract: This study focused on smart farms in Korea to confirm that the fourth industrial revolution
technology is a tool that can be used for sustainable economic development in agriculture. This study
used the input–output table, which included the production-inducing effects of the demand induce-
ment model, value-added inducing effects, supply shortage effects of the supply inducement model,
and the interlinkage effect. These methods were used to compare the impact of smart farm machinery
on agriculture and the impact of smart farms on the Korean economy compared to conventional
agriculture, thereby confirming the extent of the effect of fourth industrial revolution technology on
agriculture. This study was conducted to determine whether this agricultural sector could lead to
sustainable economic development. The analysis revealed that the production-inducing effects of
smart farms showed a greater ripple effect than those of the agricultural sector. However, both value-
added inducing effects and supply shortage effects showed a larger ripple effect in the agricultural
sector. Considering only the indirect effect, the smart farms were found to evenly affect secondary
and tertiary industries. In the case of value-added inducing and supply shortage effects, agriculture
was found to have a greater impact on the secondary industry, whereas smart agri-machines and
farms had a greater impact on the tertiary industry. Moreover, according to the interlinkage effect,
agriculture was classified as a raw industry with final demand, and smart farms as a manufacturing
industry with intermediate demand. These results have several implications. For the fourth industrial
revolution technology to lead sustainable economic growth in agriculture, continuous creation of
new value by developing various types of business models linked to other industries in consideration
of the industrial characteristics of smart farms and agri-machines is necessary. In addition, to fully
demonstrate the economic effects of smart farms, continuous management and support are required
so that smart technologies can be strategically utilized in the agricultural sector.

Keywords: smart farm; sustainable growth; input–output analysis; demand inducement model;
supply inducement model; interlinkage effect; exogenous specification

1. Introduction

In the case of agriculture, various technologies related to the fourth industrial revolu-
tion have been grafted into labor-intensive industries that relied only on the experience and
intuition of farmers in the past. Convergence, such as growth management through data,
mobile distribution systems in the distribution field, traceability, and quality monitoring
in the consumption field, is occurring [1]. Consequently, in the agricultural sector, effects
such as reduction in labor and expenses, increase in production per unit area, quality
improvement, and prevention of livestock diseases are expected in the production sector,
and logistics reduction and supply and demand stability are expected in the consumption
sector. Safe agricultural products are expected to be available for consumption to all the
citizens. In addition, spraying fertilizers and pesticides in the right place is expected to have
a positive effect on the environment [2]. As the fourth industrial revolution technology is
applied to agriculture-related fields, agriculture is attracting attention as a new industry.
This phenomenon can be confirmed by the status of global agricultural startup investments.
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The investment, which was only $10.05 billion in 2017, has grown by more than 9.8%
annually to $14.08 billion in 2021 and is expected to grow to $22 billion by 2025 [3].

Korea’s agriculture grew to maturity as early as the early 2000s but has recently
experienced difficulties due to income from farming households, lower farmers’ wages,
decrease in and aging of the farming population, and climate change. The crop and harvest
of agricultural products are not constant, and the price fluctuates continuously, therefore,
the consumers continue to face difficulties. Agricultural production also grew continuously
from KRW 32 trillion in 2001 to KRW 44 trillion in 2012 and increased to KRW 44 trillion
won from 2012 to 2016 [2]. The average agricultural income per household has been
stagnant at KRW 11.3 million for 15 years (2001–2015), and the farm household population
decreased significantly from 4 million in 2000 to 2.6 million in 2015 [2]. To overcome this,
the Korean government has been promoting ICT convergence projects in the agricultural
sector since 2014, which include the development and dissemination of Korean-style smart
farm models, R&D support projects to upgrade agriculture, response to aging farmers, and
fostering of young farmers [4]. Despite these efforts, the number of farm households and
farm household population are steadily declining every year, and the proportion of the
aged farm household population representing the population aged 65 or older reached
46.6% as of 2019 [2,5].

Thus, the key technologies of the fourth industrial revolution are expected to have a
positive impact by advancing digital transformation in the agricultural sector. As this ex-
pectation is reflected in the research field, smart farm-related research is being conducted in
various fields. In particular, many studies suggest a smart farm model that can optimize the
profitability and productivity of crop farms or livestock farms by developing systems and
robots that can manage multiple sensors using IoT and artificial intelligence, technologies
related to the fourth industrial revolution [6–13].

Social science-related studies have been conducted on agricultural production systems,
value chains, food systems, agricultural decision-making systems, and studies related to
standardization and educational activities [14–17]. Mohamed et al., (2021) emphasized that
real-time analysis and soil property mapping technology are needed along with the existing
smart farm technology to find the right decision-making support system in the agricul-
tural sector, and active government support should be provided in the case of developing
countries [14]. Klerkx et al., (2019) conducted research related to digital agriculture and
smart farms, which included: (1) acceptance and use of digital technology in agriculture;
(2) the impact of digitalization on farmers; (3) ownership and ethical issues; (4) digitization,
agricultural knowledge, and innovation systems; and (5) digitized agricultural produc-
tion systems and value chain management, and suggested future research directions [15].
Through a study of individual training conditions to achieve digital transformation in the
agricultural sector, Trukhachev et al., (2019) found that digital transformation has not yet
been achieved in the agricultural sector, and standardized educational activities for each
sector of agriculture are needed to achieve this [16]. Musa and Basir (2021) argued that to
implement a sustainable agri-food system in Southeast Asia, the government should take
the lead and promote STEM-oriented (science, technology, engineering & mathematics)
learning to equip the local labor force [17].

Several studies have been conducted on smart farms. However, most studies are
focused on system development, and the majority of studies in the social sciences are
qualitative. The ultimate purpose of these studies was to improve the productivity and
efficient growth of the agricultural sector by building a smart farm in the form of digital
transformation. This eventually leads to sustainable economic growth in the agricultural
sector; however, no previous studies have been conducted on this aspect.

This study aims to answer the following question: can smart farms lead to sustainable
economic growth in agriculture? Therefore, this study includes an industrial definition of
smart farms, including agriculture, information, and communication technology, and agri-
machines, which are components of smart farms. Here, agriculture comprises all agriculture,
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livestock and fisheries that can evolve into smart farms and become a comparison target
industry to assess the sustainable economic growth of smart farms.

The analysis method uses the demand inducement model, supply inducement model,
and interlinkage effect among the input–output analysis methods to examine the impact of
smart farms on the national economy and diagnose the role of industry and the possibility
of agriculture as a model for sustainable economic growth and to compare the economic
ripple effects of agriculture. In addition, by examining the economic effect of the smart
agri-machines and agricultural infrastructure of the fourth industrial revolution technology
on agriculture, it will be possible to find ways to develop smart farms.

This approach can compare and analyze the impact of agriculture and smart farms
on other industries and the overall Korean economy in terms of industry, unlike existing
studies that focus on the productivity and efficiency of individual units. Specifically, each
production inducement, added value inducement, supply shortage effect can be compared,
and the industrial characteristics of each industry can also be confirmed. Accordingly, it is
possible to discuss what role smart technology can play for the sustainable development
of agriculture.

This study investigates the fourth industrial revolution, sustainable economic growth,
agriculture and ICT convergence, smart farms, and related studies through a literature
review in Chapter II. Next, in Chapter III, the research methodology explains the input–
output analysis methodology, analysis model used in this study, industry classification
criteria, and the research process. In Chapter IV, the results of the study present the
results of the economic ripple effects of agriculture, smart agri-machines, and smart farms,
and their comparative results are discussed. Finally, in the conclusion, an evaluation of
whether smart farms can lead to sustainable economic growth in agriculture and smart
farm development plans is presented.

2. Sustainable Economic Growth & Smart Farm
2.1. Fourth Industrial Revolution Technologies and Sustainable Economic Growth

The fourth industrial revolution was defined as a new era of industries that mankind
has never experienced before, as the boundaries between the digital, physical, and biological
domains disappear, and the convergence between these technologies takes place [18]. This
is due to the rapid development of information and communication technology, which is
the core technology of the fourth industrial revolution, such as artificial intelligence, robots,
the internet of things (IoT), autonomous vehicles and 3D technologies. Three-dimensional
printing, nanotechnology and biotechnology can connect billions of people to the internet
to create more efficient businesses and organizations, preserve the natural environment,
manage finances, enhance human dialogue and resolve conflicts [18].

In addition, the impact of the fourth industrial revolution technology on supply
in terms of the industrial sector is expected to grow the economy while creating new
markets by improving the efficiency and productivity of the global supply chain in the long
term by lowering transportation and communication costs. On the demand side, market
transparency, improved customer participation, and new patterns of customer behavior
are emerging; therefore, companies must design suitable products and services. Typical
examples are the sharing economy and on-demand services [18,19].

This fourth industrial revolution technology is characterized by high-level information,
communication-based technology, and general-purpose technology. Unlike previous tech-
nologies, it has a different level of speed, scope and systemic impact as it affects production,
management and government at every industrial and national level [18]. Accordingly, it is
expected to contribute to the improvement of human welfare and sustainable global eco-
nomic growth, based on its efficiency and productivity in the industrial economy [18–20].

As the fourth industrial revolution technology is expected to be used as a major tool for
sustainable development, many studies have applied it to each industry to predict innova-
tion through efficiency and productivity improvements [21–27]. A representative example
is Industry 4.0, which is sometimes used as a synonym for the fourth industrial revolution.
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This is the concept of combining IT systems with traditional industries, such as
manufacturing, to network production facilities and evolve them into a smart factory
with an intelligent production system, which may significantly improve efficiency and
productivity [28]. Based on this perspective, studies are being conducted to suggest the
importance of the supply chain management system, a proposal of a system using the
fourth industrial revolution technology, and the innovation method used [20,23–26].

Accordingly, studies on the impact of the fourth industrial revolution on the service
sector and the evolution of traditional manufacturing-oriented industries due to the fourth
industrial revolution technologies can be conducted. Shin and Choi (2019) argue that the
fintech industry, where the fourth industrial revolution technology is applied to finance, can
play a role as a platform that can lead to the sustainable growth of the Korean economy [21].
Kim, Jung, and Choi (2016) analyzed the impact of smart cities on the Korean economy
and provided an economic perspective for developing a sustainable city [22]. As such, the
technology that leads the fourth industrial revolution is cited as a major factor leading to
positive changes in the entire industry, as well as corporate sales increases through process
innovation and productivity improvement.

The impact of the fourth industrial revolution on the economy is naturally related to
the theme of sustainable development. In the field of business and economics, companies
and industries create profits by maintaining competitiveness, which eventually leads to
sustainable economic growth [21].

2.2. Agriculture, ICT Convergence, and Smart Farm

Technology leading the fourth industrial revolution has the characteristics of a general-
purpose technology that can be applied to any industry, regardless of the first–third indus-
tries. These characteristics have also been applied in agriculture, resulting in the concept
of smart farms. A smart farm can remotely and automatically control the growth environ-
ment of crops and livestock by applying information and communication technology to
greenhouses, barns and orchards. It is accepted as a grafting science technology and ICT
throughout the agricultural value chain for optimizing the growing environment [1,2].

The concept of smart farms dates back to the early 1980s, when digital technologies
began to be applied to agriculture and precision agriculture was the starting point [29].
Precision agriculture began to improve agricultural productivity using data related to
crop cultivation. Since then, with the development of information and communication
technology, a decision-making system has been established in the existing system to achieve
optimal growth and management efficiency in agriculture based on crop and weather data
using satellites and GPS [29,30]. Recently, the fourth industrial revolution technology,
such as sensing and monitoring technology, as well as robots combined with artificial
intelligence, have been combined with existing systems and agri-machines and applied
to the first industry as a whole, expanding to the concept of smart farms. Accordingly,
smart farms are expected to be able to expand and transform into a new type of business
by affecting the efficiency and productivity of the growth process and overall value chain
of agriculture, forestry, livestock and fisheries [2].

The emergence of smart farms and changes in the primary industry have led to smart
farm-related research in various academic fields. Smart farm-related research using IoT
technology connects various sensors and cloud services and applies them to various agri-
cultural and livestock fields, and pest prevention and management [6,7,10,31,32]. Previous
studies have proposed a system model to improve the convenience and productivity of the
work process by remote management using devices such as smartphones during the growth
process [6,7,10,31,32]. In addition, a study proposed a system that can improve efficiency
and productivity by applying various types of environmental information necessary for
growth and data necessary for production, distribution and sales to not only production
but also distribution processes [11]. In addition, by applying artificial intelligence and big
data technology to existing expert systems or robots, we propose a model that can improve
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profitability by improving the decision-making power required in the growth process and
enabling precise work [7,9,13,14].

In the case of studies approaching smart farm from a different perspective,
Kernecker et al., (2020) conducted research that contributes to improving farmers’ access
to smart farm technology through a study on experiences and expectations of smart farm
technology [33]. Yarashynskaya & Prus (2022) presented socioeconomic, agricultural tech-
nology, finance, technology and information factors as the main adoption factors in a case
study on precision agriculture adoption factors [34]. and Tataridas et al., (2022) argued that
new technologies and precision agriculture play an important role in the framework for
sustainable crop and weed management in the EU Green Deal era [35].

In this manner, the fourth industrial revolution technology is applied to agriculture,
livestock, and fisheries to enhance convenience, efficiency, productivity and profitability
in the growth process as well as to pursue efficiency in farm management. These newly
proposed smart farms can be said to be in line with sustainable economic growth.

2.3. Previous Studies Using Input–Output Analysis

This study aims to answer the question: can a smart farm, which includes agriculture,
livestock, fishery and smart infrastructure lead to sustainable economic growth of existing
agriculture? To this end, this study seeks to find an answer by using the demand and
supply inducement models of input–output analysis and the industrial chain model.

Input–output analysis has been used to analyze the impact of a country’s major in-
frastructure or new industries on the national economy and to propose policies based on
the results. For example, Wydra (2011) analyzed the direct and indirect effects of biotech-
nology on the production and employment using input–output analysis, and confirmed
that the indirect effect was greater than the direct effect [36]. Policy proposals, such as
the necessity of fostering the biotechnology industry, were made by discovering the eco-
nomic characteristics that have a greater impact on the industry. Shin (2018) conducted an
input–output analysis on the new convergence industry concept of agriculture called the
sixth industrialization, and found that the tourism-oriented sixth industry had a higher
effect than other types in production-inducing effects, and the distribution-oriented sixth
industry had value, showing a greater effect than other types in value-added inducing and
supply shortage effects [37]. Through such analysis, policy implications are provided by
presenting the economic characteristics of industries to foster new types of industries and
economic growth.

In particular, with the digital revolution since 2000, research on the ICT industry-
related economic effects has been conducted using input–output analysis, and based on the
characteristics and economic effects of the IT hardware, software and service industries,
the ICT and other industries have been studied. Policies have been proposed for the
relationship between Korea and the growth of the national economy [21,37–42]. Since
2010, Kim et al., (2017), Kim et al., (2016), Jun et al., (2018), and Shin and Choi (2019) have
conducted research on new converged industries (U-healthcare, smart city, smart port, and
ICT, respectively). As research on the economic characteristics and effects of each industry
was conducted, policies were proposed for national economic growth [21,37,40–43].

The input–output analysis has analyzed the economic effects of new industries that
have emerged as a result of the convergence of several industries and has made policy
recommendations. Among them, Shin and Choi (2019) used input–output analysis as a
methodology to answer whether the fintech industry can play a role as a platform industry
for the national economy [21]. The possibility was suggested that fintech can play a role as
a platform industry in the national economy by analyzing and comparing classification and
detailed fintech classification. This is possible because input–output analysis can analyze
the sum of economic ripple effects, such as production, added-value and supply shortage
effects of the target industry on the overall national economy, and the impact on each
industry and the economic effect of the industry itself.
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Therefore, this study also analyzes existing agriculture, smart agri-machines, and
smart farms using input–output analysis to determine whether smart farms can be an
alternative to sustainable agricultural economic growth.

3. Data and Methodologies

This study analyzes the forward and backward effects of each research target industry
using input–output analysis methodologies targeting agriculture, smart farms and smart
agri-machines to determine whether smart farms lead to sustainable economic growth
in agriculture. The linkage effect, production-inducing effect of the demand-inducement
model, value-added inducing effect and supply shortage effect of the supply inducement
model were analyzed. In addition, this study used an exogenous specification to calculate
the effect of the analyzed target industry on other industries and the economic effect of the
analyzed target itself. Here, the effect of externalization on the output of the sector to be
analyzed, rather than on aggregate demand, and the effect that the output induces on other
industries, can be seen more clearly [44]. To help understand this, the next section presents
the input–output table used for this and the methodology for each model.

3.1. Input–Output Table

The input–output table is a comprehensive statistical table that records inter-industry
transaction relations of goods and services produced in a country for a certain period
of time [42]. Input–output analysis is advantageous in analyzing the specific economic
structure, as it can analyze the relationship between industries that macroscopic analysis
cannot interpret [45]. In addition, input–output analysis is a linear cross-sectoral model for
determining output and shows how a change in the level of production in one sector creates
a continuous demand for the output of another sector. As this model has the characteristics
of a general equilibrium model with an emphasis on the relationship between sales and
purchases of inputs, it has been recognized as a useful method for analyzing and predicting
the overall economic impact [45].

Figure 1 shows the basic structure of the input–output table. As shown in the figure,
the structure of the input–output table is largely divided into endogenous and exogenous
components. Here, the endogenous sector is the most important part that records interme-
diate demand and input, which means mutual transactions between industries (marked
with a thick line). The most difficult and important part of creating an input–output table
is the part indicated with a bold line. The exogenous sector is the part where the value is
determined outside the model, regardless of the endogenous sector, and final demand and
added-value are recorded.

In an input–output table with this structure, the vertical and horizontal directions
have different meanings. The vertical direction corresponds to the input structure, which
consists of the production cost spent by each industrial sector for the production of the
product. The total input is calculated by adding the intermediate input and added-value.
The horizontal direction is the distribution structure, indicating how much of each industry
sector’s output is sold to each sector in the form of intermediate or final demand. The sum
of intermediate and final demands is the total output by subtracting imports. Because the
input–output table is based on the Leontief production function, the total input and output
have the same value [46].
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3.2. Input–Output Analysis
3.2.1. Demand-Inducement Model

Analysis of production and value-added inducing effects can be carried out using
the demand-inducement model. Here, production and value-added inducing effects refer
to the amount of production and value-added inducement that affects the analyzed and
other industries when a KRW 1 investment is made in the analyzed industry. Equations
required for this are shown in Equations (1)–(4) below. In Equation (1), the input coefficient
(αij) is obtained by dividing the intermediate input amount (Xij) of raw materials that each
industrial sector purchases from other industrial sectors to produce goods and services by
the total input amount (Xi). If this is expressed in the same arrangement as the endogenous
section of the input–output table, it becomes an input coefficient table (A). To calculate the
ripple effect of each analysis target, the input factor (αij) is calculated using the input–output
table reclassified from the input–output table for each target industry. The expression is the
same as in Equation (1):

ij inter-industry input coefficient

αij =
Xij

Xj
(1)

• Xi: i sector’s total input
• Xij: Inputs of i used in sector j

The production inducement coefficient is calculated using Equation (2) after converting
the analyzed target industry into an exogenous variable.

Production inducing coefficient =

(I − A)−1 As (2)

• As: row vector of the input factor of the reclassified industry
• I: diagonal matrix
• A: (αij) matrix.

The value-added coefficient is the sum of the added value of each industrial sector
on the input–output table divided by the total output, and the formula is as shown in
Equation (3).
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j sector’s value-added coefficient

vj =
Vj

Xj
(3)

• Vj: j sector’s total value added.

The value-added induction coefficient is the national economic net value obtained
from the analyzed target industry, and the value-added attribution part of the production-
inducing effect is measured through the added value coefficient. Therefore, the value-
added inducement coefficient is calculated by multiplying the value-added coefficient by
the production inducement coefficient, as shown in Equation (4).

Value-added induction coefficient =

v̌i(I − A)−1 As (4)

• v̌i: value-added coefficient’s diagonal matrix
• (I − A)−1 As: production-inducing coefficient.

3.2.2. Supply-Inducement Model

The supply shortage effect, which is a supply inducement model method, indicates
how much production will decrease in other industries when the production of the analyzed
industry is not achieved. To calculate these supply shortage effects, a calculation coefficient
table was first created. The expressions for this are (5)–(6). In Equation (5), the output
coefficient (Rij) was obtained by dividing the intermediate input amount of raw materials
purchased from other sectors by each industry for the production of goods and services
in that sector by the total output. If this is arranged in the same form as the endogenous
section of the input–output table, it becomes a calculation coefficient table.

ij inter industry output coefficient

Rij =
Xij

Xi
(5)

• Xi: i sector’s total output
• Xij: Input of i used in sector j.

After externalizing the analyzed industry, the supply disruption coefficient was calcu-
lated using the following basic model Equation (6).

Supply Shortage coefficient =

Rs(I − R)−1 (6)

• Rs: output coefficient column vector of the analyzed industry
• I: diagonal matrix
• R: output coefficient matrix.

3.2.3. Industry Linkage Effect

The industry linkage effect consists of both forward and backward linkage effects. The
forward linkage effect (FLi), also called the sensitivity coefficient, is the number of units
that refers to the percentage of the entire industry average. The formula for analyzing this
is the same as Equation (7), which is the value obtained by dividing the sum of the rows
of the production inducement coefficient (αij) matrix by the entire industry average of the
sum of the rows of the production inducement coefficient matrix.

FLi =
1
n ∑n

j=1 αij
1

n2 ∑n
i=1 ∑n

j=1 αij
(7)
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The backward linkage effect (BLi), also called the influence coefficient, is the ratio
of the industry-specific inducement coefficient to the average production inducement
coefficient (αij) of all industries. It is expressed as the value divided by the average value.
The expression for this is as in Equation (8).

BLi =
1
n ∑n

i=1 αij
1

n2 ∑n
i=1 ∑n

j=1 αij
(8)

3.3. Industry Classification and Re-Definition

Next, to carry out this study, agriculture, smart agri-machines and smart farms were
reclassified and defined based on the input–output table. The data used for this purpose
were from the 2019 Input–Output table issued by the Bank of Korea.

Table 1 reclassifies and defines the analysis target agriculture, smart agri-machines,
and smart farms according to the industry classification on the Input–Output table. Here,
agriculture included sectors corresponding to agriculture, forestry, livestock and fisheries,
excluding the manufacturing using them, and five sectors based on the middle classification
fall under this category. Smart agri-machines were largely composed of smart sector
and agriculture-related machines. Firstly, 7 smart hardware, and 2 software & service
sectors were classified into the smart sector according to the classification criteria used in
previous studies, and game-related software was excluded from the software sector [21,40].
Agri-machines were the subjects to which smart technology was applied, and included
general agriculture machinery and agri-machines. Smart farm research was conducted by
classifying both agriculture and smart agri-machines as described above into one industry.

Table 1. Classification and redefinition of agriculture, smart equipment, and smart farm industry
sector.

Classification Industry Sector Remark

Smart
Farm

Farm A

01 Crops
02 Livestock
03 Forest products
04 Seafood

05 Agriculture, forestry, and
fishing services

Smart
equipment

Smart HW C09

31 Semiconductor
32 Electronic display
33 Other electronic parts
34 Computers and peripherals

35 Communication, broadcasting,
video, and audio equipment

36 Precision instrument
C10 37 Electrical equipment

Farm
Equipment C11

38 General purpose machines

39 Special purpose machines 3911 Agricultural machinery
only

Smart SW &
Service

J
61 Information service 6211 Excluding game

software publishing
62 Software development supply

and other IT services

As shown in Table 1, agriculture, smart agri-machines and smart farm industries were
reclassified and defined as analyzed industries. This study analyzed the economic ripple
effect of the industry itself, which corresponded to the direct effect, and the economic
ripple effect on other industries, which corresponded to the indirect effect, focusing on
each industry. As shown in Table 2, the industries were classified into 30 industrial sectors,
and the three analyzed industries are located at the end.
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Table 2. Industry Sectors.

Sector Sector Sector

B Minerals C13 Other manufacturing
products M Professional, scientific, and

technical services

C01 Food and beverage C14
Manufacturing and

industrial equipment
repairs

N Business services

C02 Textiles and leather
products D Electricity, gas, and

steam O Public administration,
defense, and social security

C03 Wood and paper and
printing E Water, waste disposal,

and recycling services P Education services

C04 Coal and petroleum
products F Construction Q Health and social services

C05 Chemicals G Wholesale and retail
trade services R Arts, sports, and leisure

services

C06 Nonmetallic mineral
products H Transportation

services S Other services

C07 Primary metal
products I Accommodation and

food services T Others

C08 Fabricated metal
products J

(ICT)/broadcasting
and newspaper and

publishing
Agriculture

C11 Machinery and
equipment K Finance/insurance/banking Smart agri-machines

C12 Transportation
equipment L Real estate services Smart farm

When analyzing the economic ripple effect on other industrial sectors, if agriculture
was the analyzed industry, the other industry sectors were divided into 30 and smart agri-
machines. If smart agri-machines were the target industry for analysis, the other industries
were divided into 30 and agriculture. Similarly, if smart farm was the target industry for
analysis, the other industrial sectors were divided into agriculture, smart agri-machines,
and 30 industrial sectors.

3.4. Research Procedure

This study uses the demand inducement, supply inducement, and industrial chain
models of input-output analysis to determine whether smart farms lead to sustainable
economic growth in agriculture. Next, we examined the detailed steps and meaning of
each step. In Figure 2, Step 1 is the process of redefining the analysis target through
industry classification. Because this study uses the input–output table, agriculture, smart
agri-machines, and smart farms were each reclassified based on the industry classification
of the input–output table.
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Steps 2–4 analyze the economic ripple effect on the subject. Step 2 is the first step
in the analysis process, and analyzes the economic ripple effects of agriculture. This
process is used as a criterion to judge sustainable economic growth. Step 3 analyzes
the economic ripple effect of smart agri-machines and their impact on agriculture. This
course examines the economic role of agriculture-related smart technology and the fourth
industrial revolution technology by examining the impact of major smart farm technologies
on the national economy and agriculture. Step 4 analyzes the economic ripple effect of the
smart farm created by combining agriculture and smart agri-machines. These results are
the main comparators of phase 2 agriculture.

Step 5 compares and analyzes the results obtained through the input–output analysis’s
demand-inducement model, supply-inducement model, and interlinkage effect from Steps
2–4. In this process, the criteria by which sustainable economic growth can be assessed are
production-inducing, value-added inducing, and supply shortage effects [21]. In addition,
by comparing the direct and indirect ripple effects of the analyzed industries, the ratio
of impacts by industry, interlinkage effect, economic role and characteristics of existing
agriculture and smart farms are identified, and future development plans are sought.
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4. Empirical Evaluation and Results

In this section, the results of the demand-inducement and supply-inducement models
are presented. Subsequently, the results of the interlinkage effect are presented for a
comparison between the analyzed industries. In addition, the results will be summarized
and presented in order to differentiate the economic effect between each subject of analysis
and define the economic role of smart farms for sustainable growth of agriculture.

4.1. Results of the Economic Ripple Effect of Agriculture Industry

Table 3 analyzes the production-inducing effects of agriculture on each industry, value-
added-inducing effects and supply shortage effects. First, it is the result of production-
inducing effects in the demand-induction model. Production-inducing effects refer to the
effect on the production of other industries when the input or output of KRW 1 occurs in
the analyzed industry. The economic ripple effect of agriculture on other industries in the
Korean economy was KRW 1.051; the economic effect of agriculture itself was KRW 1.145;
and the total economic effect was KRW 2.196. The industries with the largest production-
inducing effect by agriculture were food and beverage (KRW 0.214), chemicals (KRW 0.146),
and wholesale and retail trade services (KRW 0.08). Smart agri-machines ranked fifth
among the 31 categories with KRW 0.059.

Value-added-inducing effects represent the added value induced in other industries
according to the input and output of KRW 1 in the analyzed industry. The value-added-
inducing effect of agriculture on other industries was KRW 0.386, and its own value-added-
inducing effect was KRW 0.510, totaling KRW 0.896. By industry, food and beverage was
KRW 0.055, wholesale and retail trade services were KRW 0.042 and chemicals were KRW
0.040. The impact on smart agri-machines was also KRW 0.024, which ranked seventh
among the 31 categories.

Supply shortage effects indicate how much production of other industries will decrease
when the production or supply of the analyzed industry is not achieved. Agriculture had a
total of KRW 1.975 in supply shortage effects, and the industry most affected by agriculture
was food and beverage (KRW 0.766), accounting for approximately 38.8% of the total
supply shortage effects. Accommodation and food services were KRW 0.439, accounting
for approximately 22.2% of the total supply shortage effects. Next, the impact on smart
agri-machines was KRW 0.078, and chemicals was KRW 0.077, but it accounted for a lower
share than the top two industries.

4.2. Results of the Economic Ripple Effect of Smart Agri-Machines Industry

Table 4 shows the results of the second-stage analysis of the impact of smart agri-
machines on the Korean economy and agriculture. First, looking at the production-inducing
effects of smart agri-machines, the effect on other industries was KRW 0.748, and the effect
on the industry itself was KRW 1.468, totaling KRW 2.216. Among them, the industries with
the greatest influence were chemicals (KRW 0.104), primary metal products (KRW 0.085),
and wholesale and retail trade services (KRW 0.063).
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Table 3. Results of different effects of Agriculture industry.

Sector
Production Inducing

Effects
Value Added

Inducing Effects
Supply Shortage

Effects

Effects Ranking Effects Ranking Effects Ranking

B Minerals 0.055 8 0.026 5 0.001 31
C01 Food and beverage 0.214 1 0.055 1 0.766 1
C02 Textiles and leather products 0.021 15 0.004 18 0.034 10
C03 Wood and paper and printing 0.031 11 0.010 14 0.026 12
C04 Coal and petroleum products 0.060 4 0.015 10 0.020 18
C05 Chemicals 0.146 2 0.040 3 0.077 4
C06 Nonmetallic mineral products 0.005 24 0.001 26 0.007 25
C07 Primary metal products 0.016 16 0.003 21 0.024 15
C08 Fabricated metal products 0.014 19 0.005 16 0.016 21
C11 Machinery and equipment 0.003 28 0.001 27 0.005 27
C12 Transportation equipment 0.015 17 0.003 20 0.036 9
C13 Other manufacturing products 0.002 29 0.001 29 0.006 26

C14 Manufacturing and industrial equipment
repairs 0.028 13 0.015 11 0.018 19

D Electricity, gas, and steam 0.036 10 0.010 15 0.014 23
E Water, waste disposal, and recycling services 0.006 22 0.003 19 0.004 29
F Construction 0.003 27 0.001 25 0.040 8
G Wholesale and retail trade services 0.080 3 0.042 2 0.068 5
H Transportation services 0.057 6 0.021 8 0.026 13
I Accommodation and food services 0.030 12 0.010 13 0.439 2
J Broadcasting and newspaper and publishing 0.002 30 0.001 28 0.004 28
K Finance/insurance/banking 0.043 9 0.025 6 0.025 14
L Real estate services 0.014 18 0.011 12 0.013 24
M Professional, scientific, and technical services 0.057 7 0.029 4 0.056 7
N Business services 0.026 14 0.017 9 0.016 22

O Public administration, defense, and social
security 0.006 21 0.005 17 0.023 16

P Education services 0.001 31 0.000 30 0.029 11
Q Health and social services 0.004 25 0.002 23 0.062 6
R Arts, sports, and leisure services 0.004 26 0.002 24 0.023 17
S Other services 0.006 23 0.003 22 0.018 20
T Others 0.007 20 0.000 31 0.002 30

Smart Agri-machines 0.059 5 0.024 7 0.078 3
Agriculture (Indirect Effect) 1.051 0.386

Direct Effect 1.145 0.510
Total Effect 2.196 0.896 1.975
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Table 4. Results of different effects of Smart Agri-machines.

Sector
Production-Inducing

Effects
Value-Added-Inducing

Effects
Supply Shortage

Effects

Effects Ranking Effects Ranking Effects Ranking

B Minerals 0.046 6 0.022 4 0.001 31
C01 Food and beverage 0.012 17 0.003 19 0.012 17
C02 Textiles and leather products 0.009 20 0.002 24 0.009 22
C03 Wood and paper and printing 0.013 16 0.004 15 0.005 25
C04 Coal and petroleum products 0.031 9 0.008 14 0.017 10
C05 Chemicals 0.104 1 0.028 3 0.031 5
C06 Nonmetallic mineral products 0.013 15 0.004 16 0.005 24
C07 Primary metal products 0.085 2 0.016 9 0.019 8
C08 Fabricated metal products 0.042 7 0.015 10 0.015 14
C11 Machinery and equipment 0.011 18 0.004 17 0.015 13
C12 Transportation equipment 0.011 19 0.002 22 0.080 1
C13 Other manufacturing products 0.002 28 0.001 29 0.003 29

C14 Manufacturing and industrial equipment
repairs 0.039 8 0.020 5 0.013 16

D Electricity, gas, and steam 0.029 11 0.008 13 0.015 12

E Water, waste disposal, and recycling
services 0.005 23 0.003 20 0.004 27

F Construction 0.003 26 0.001 27 0.054 3
G Wholesale and retail trade services 0.063 3 0.033 1 0.037 4
H Transportation services 0.050 5 0.018 7 0.021 7
I Accommodation and food services 0.023 13 0.008 12 0.018 9

J Broadcasting and newspaper and
publishing 0.004 24 0.002 25 0.003 28

K Finance/insurance/banking 0.027 12 0.016 8 0.026 6
L Real estate services 0.014 14 0.010 11 0.012 19

M Professional, scientific, and technical
services 0.061 4 0.031 2 0.058 2

N Business services 0.030 10 0.020 6 0.009 21

O Public administration, defense, and
social security 0.001 30 0.001 28 0.012 18

P Education services 0.001 31 0.001 30 0.011 20
Q Health and social services 0.002 27 0.001 26 0.017 11
R Arts, sports, and leisure services 0.004 25 0.002 23 0.006 23
S Other services 0.005 22 0.002 21 0.013 15
T Others 0.002 29 0.000 31 0.001 30

Agriculture 0.006 21 0.003 18 0.005 26
Smart Agri-machines (Indirect Effect) 0.748 0.290

Direct Effect 1.468 0.403
Total Effect 2.216 0.693 0.547

Regarding the value-added inducing effects, the effect of smart agri-machines on other
industries was KRW 0.290, and the impact on its own industry was KRW 0.403, totaling
KRW 0.693. Impact on wholesale and retail trade services was KRW 0.033; professional,
scientific, and technical services was KRW 0.031; and chemicals was KRW 0.028.

Supply shortage effects totaled KRW 0.547, and the industries most affected were
transportation equipment (KRW 0.080); professional, scientific, and technical services
(KRW 0.058); construction (KRW 0.054); and wholesale and retail trade services (KRW 0.037).

When examining the impact of smart agri-machines on agriculture, the production-
inducing effect was KRW 0.006, ranking 21st out of 31 industries, and the value-added effect
was KRW 0.003, ranking 18th, indicating that smart agri-machines did not have a significant
impact on agriculture. In addition, the supply shortage effect was KRW 0.005, ranked 26th,
indicating that the impact of smart agri-machines on agriculture was insignificant.
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4.3. Results of the Economic Ripple Effect of Smart Farm Industry

Table 5 shows the production-inducing, value-added-inducing and supply shortage
effects of smart farms on the Korean economy. Here, a smart farm, as defined in the
table above, is an industry that includes general machinery and agri-machines related to
agriculture, computers related to the smart industry, electrical equipment, and information
and communication services.

Table 5. Results of different effects of Smart farm.

Sector
Production-Inducing

Effects
Value-Added-Inducing

Effects
Supply Shortage

Effects

Effects Ranking Effects Ranking Effects Ranking

B Minerals 0.047 6 0.022 4 0.001 30
C01 Food and beverage 0.029 13 0.007 15 0.077 1
C02 Textiles and leather products 0.010 20 0.002 23 0.011 21
C03 Wood and paper and printing 0.014 15 0.005 16 0.007 24
C04 Coal and petroleum products 0.034 9 0.008 12 0.018 12
C05 Chemicals 0.107 1 0.029 3 0.035 7
C06 Nonmetallic mineral products 0.013 17 0.004 17 0.005 25
C07 Primary metal products 0.079 2 0.015 9 0.020 11
C08 Fabricated metal products 0.040 7 0.014 10 0.015 14
C11 Machinery and equipment 0.010 19 0.004 18 0.014 15
C12 Transportation equipment 0.011 18 0.002 20 0.076 2
C13 Other manufacturing products 0.002 28 0.001 28 0.003 27

C14 Manufacturing and industrial equipment
repairs 0.038 8 0.020 5 0.013 17

D Electricity, gas, and steam 0.030 10 0.008 14 0.015 13

E Water, waste disposal, and recycling
services 0.005 22 0.003 19 0.004 26

F Construction 0.003 25 0.001 27 0.053 5
G Wholesale and retail trade services 0.064 3 0.034 1 0.040 6
H Transportation services 0.051 5 0.018 7 0.021 9
I Accommodation and food services 0.024 14 0.008 13 0.055 4

J Broadcasting and newspaper and
publishing 0.004 23 0.001 24 0.003 28

K Finance/insurance/banking 0.029 12 0.017 8 0.026 8
L Real estate services 0.014 16 0.010 11 0.012 20

M Professional, scientific, and technical
services 0.061 4 0.031 2 0.058 3

N Business services 0.029 11 0.020 6 0.010 22

O Public administration, defense, and
social security 0.002 29 0.001 25 0.013 19

P Education services 0.001 30 0.001 29 0.013 18
Q Health and social services 0.002 27 0.001 26 0.021 10
R Arts, sports, and leisure services 0.004 24 0.002 22 0.007 23
S Other services 0.005 21 0.002 21 0.013 16
T Others 0.002 26 0.000 30 0.001 29

Smart-Farm (Indirect Effect) 0.763 0.293

Direct Effect 1.448 0.413
Total Effect 2.211 0.706 0.659

The production-inducing effect of the smart farm industry on other industries was
KRW 0.763, and that of its own industry was KRW 1.448, totaling KRW 2.211. Among them,
the industries in which smart farms had the greatest impact were chemicals (KRW 0.107);
primary metal products (KRW 0.079); wholesale and retail trade services (KRW 0.064); and
professional, scientific, and technical services (KRW 0.061).

Regarding value-added-inducing effects, the effect on other industries was KRW 0.293,
and the effect on the industry itself was KRW 0.413, totaling KRW 0.706. The impact on
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technical services were KRW 0.031, followed by chemicals at KRW 0.029. As for the supply
shortage effects, the reduction in production in other industries was 0.659 yuan owing to
the 1 yuan supply disruption of smart farms. Of these, the industries most affected were
food and beverage at KRW 0.077; transportation equipment at KRW 0.076; and professional,
scientific, and technical services at KRW 0.058.

4.4. Results of Interlinkage Effect

The interlinkage effect is divided into forward and backward effects. Here, the forward
linkage effect identifies the output of the industry to be analyzed as a raw material for
other industrial production. In contrast to the forward chain effect, the backward linkage
considers the output of the analyzed industry as the final product and the product of other
industries as the raw material. The forward and backward chain effect coefficients were
evaluated as high or low, based on an average value of 1.

The forward and backward linkage effects can be classified into four types. First,
if the coefficients of each of the forward and backward linkage effects are high, it is a
medium-demand manufacturing type. Second, if the backward linkage effect is low and
the forward linkage effect is high, it is a medium-demand primitive industry type. Third, if
the forward chain effect is low and the backward linkage effect is high, the final demand
manufacturing type. Fourth, if both the forward linkage effect and the backward linkage
effect are low, it is called the final demand type of primitive industry [44].

Agriculture is classified as a final demand-oriented primitive industry, in which both
forward and backward effects have a value of ≤1. The smart agri-machines and smart
farm industries are classified as medium-demand manufacturing types with forward and
backward chain effects >1. The forward chain effect of both smart agri-machines and the
smart sector shows the highest value among the classified sectors, and the backward chain
effect has a value slightly >1, with smart agri-machines ranked 16th out of 31 sectors and
smart farms 30th. It was ranked 16th among the categories (Table 6).

Table 6. Results of Interlinkage effects.

Sector
Forward
Linkage Ranking Backward

Linkage Ranking

Effects Ranking Effects Ranking

Agriculture 0.873 18/31 0.927 21/31
Smart agri-machines 2.247 1/31 1.027 16/31

Smart farm 2.657 1/30 1.013 16/30

4.5. Results Summary and Comparative Analysis

The following is a comparison of the direct and indirect production-inducing effects of
the analyzed agriculture, smart agri-machines and smart farms, and the impacts of industry
(Table 7). First, considering how much effect it has on the industry itself, agriculture was
1.145, smart agri-machines were 1.468, smart farms were 1.448, and smart agri-machines
and smart farms appeared higher than agriculture. The production-inducing effects of
smart farms including agriculture and smart agri-machines were confirmed to be higher
than the production effects of agriculture itself, regardless of the productivity of agricultural
products. This implies that when agriculture is converted to smart farms, it has a positive
impact on the production of the entire agricultural market.
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Table 7. Comparison of production-inducing effects.

Division
Production-Inducing Effects

Agriculture Smart Agri-Machines Smart Farm
Effects Rate Effects Rate Effects Rate

Indirect effects 1.051 47.85% 0.748 33.75% 0.763 34.53%
Direct effect 1.145 52.15% 1.468 66.25% 1.448 65.47%
Total effect 2.196 100.00% 2.216 100.00% 2.211 100.00%

Primary industry 0.055 5.19% 0.052 6.99% 0.047 6.16%
Secondary industry 0.614 58.41% 0.371 49.58% 0.386 50.62%

Tertiary industry 0.383 36.40% 0.325 43.44% 0.330 43.21%
Indirect effects 1.051 100.00% 0.748 100.00% 0.763 100.00%

On the other hand, considering the effect on other industries by the analyzed industry,
in the case of agriculture, only minerals (excluding agriculture) accounted for 5.19% of the
total effect. The secondary industry showed the highest rate (58.41%) of the total production-
inducing effects, and the tertiary industry accounted for 36.40%. The production-inducing
effects of the smart agri-machines industry accounted for 6.99% of the total production-
inducing effects of the primary industry, followed by 49.58% in the secondary industry,
and 43.44% in the tertiary industry. Finally, smart farms affected 6.16% of minerals in the
primary industry, 50.62% in the secondary industry, and 43.21% in the tertiary industry.

To summarize, the share of agriculture in the secondary industry and smart farms
in the tertiary industry increased slightly compared to agriculture due to the influence of
smart agri-machines. In addition, as the sum of the direct and indirect effects, agriculture
was the highest at KRW 2.196, followed by smart agri-machines at KRW 2.216, and smart
farms at KRW 2.211. In the case of agriculture, the effect on other industries was 47.85%,
which was higher than that of smart agri-machines and farms.

The following is a comparative analysis of the value-added-inducing effects (Table 8):
agriculture had the highest direct and indirect effects at KRW 0.896, followed by smart
farms at KRW 0.706, and smart agri-machines at KRW 0.693. Among the total value-added-
inducing effects, the proportion of direct and indirect effects was in the early 40% range
for all three industries analyzed, and the direct effect was in the mid-to-high 50% range.
However, when considering the effects of industry, the pattern was somewhat different. In
the case of agriculture, 6.67% of the primary industry (minerals), 45.85% of the secondary
industry, and 47.48% of the tertiary industry were found to have a greater impact on the
service industry, unlike the production-inducing effects. Smart farms accounted for 7.57%
of the primary industry (minerals), 37.90% of the secondary industry, and 54.53% of the
tertiary industry, and that its value-added effect on the service industry accounted for a
larger proportion than that of agriculture.

Lastly, the supply shortage effect was KRW 1.975 in the case of agriculture, which
showed a much higher effect than other smart agri-machines and farms. In the case of
agriculture, the primary industry (minerals) accounted for 0.04%, the secondary industry
accounted for 56.43%, and the tertiary industry accounted for 43.53%, which had a greater
impact on manufacturing. On the other hand, smart agricultural machinery and smart
farms have had a greater impact on the tertiary industry. In the case of smart agri-machines
accounted for 0.93% for the primary industry, 40.91% for the secondary industry, and
58.16% for the tertiary industry, smart farms accounted for 0.09% of the primary industry
(minerals), 44.57% of the secondary industry, and 55.35% of the tertiary industry (Table 9).
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Table 8. Comparison of value-added-inducing effects.

Division
Value Added Inducing Effects

Agriculture Smart Agri-Machines Smart Farm
Effects Ranking Effects Ranking Effects Ranking

Indirect effects 0.386 43.06% 0.290 41.86% 0.293 41.56%
Direct effects 0.510 56.94% 0.403 58.14% 0.413 58.44%
Total effects 0.896 100.00% 0.693 100.00% 0.706 100.00%

Primary industry 0.026 6.67% 0.025 8.59% 0.022 7.57%
Secondary industry 0.177 45.85% 0.107 37.00% 0.111 37.90%

Tertiary industry 0.183 47.48% 0.158 54.41% 0.160 54.53%
Indirect effect 0.386 100.00% 0.290 100.00% 0.293 100.00%

Table 9. Comparison of supply shortage effects.

Supply Shortage Effects

Division Agriculture Smart Agri-Machines Smart Farm
Effects Ranking Effects Ranking Effects Ranking

Primary industry 0.001 0.04% 0.005 0.93% 0.001 0.09%
Secondary industry 1.115 56.43% 0.224 40.91% 0.293 44.57%

Tertiary industry 0.860 43.53% 0.318 58.16% 0.364 55.35%
Total effects 1.975 100.00% 0.547 100.00% 0.659 100.00%

5. Conclusions

This study focused on smart farms in Korea to confirm that the fourth industrial
revolution technology is a tool that can pursue sustainable economic development in
agriculture. The method used in the analysis was the input–output table, among which
the production-inducing effects of the demand-inducement model, value-added-inducing
effects, supply shortage effects of the supply-inducement model and the interlinkage effect
that can determine the characteristics of the industry were used. This study used this
method to compare the impact of smart farm machinery on agriculture and the impact
of smart farms on the Korean economy compared to conventional agriculture, thereby
confirming the extent of effect of fourth industrial revolution technology on agriculture. We
wanted to determine whether this agricultural sector could lead to sustainable economic
development.

The analysis revealed that the production-inducing effects of smart farms showed
a greater ripple effect than those of the agricultural sector. However, both value-added-
inducing and supply shortage effects showed a larger ripple effect in the agricultural
sector. Among these results, considering only the indirect effect, smart farms were found to
evenly affect the secondary and tertiary industries rather than agriculture. In the case of
value-added-inducing and supply shortage effects, agriculture was found to have a greater
impact on the secondary industry, whereas smart agri-machines and farms had a greater
impact on the tertiary industry. In addition, according to the interlinkage effect, agriculture
was classified as a raw industry with final demand, and smart farms as a manufacturing
industry with intermediate demand.

These results confirm the possibility of the fourth industrial revolution technology
being a tool that can be used for sustainable economic growth in agriculture. Based on the
results of this study, the following points and implications are presented for smart farms to
become a model for sustainable economic growth in agriculture.

First, smart farms and agri-machines, which represent the industrial characteristics
of the medium-demand manufacturing type, must create various business models linked
to other industries. Among the economic characteristics of an industry, an intermediate
demand manufacturing industry means that the industry is provided as a raw material
for other industries. In other words, smart farms and agri-machine industries can be
used in various industries. To improve the level of economic ripple effects of smart farms
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and agri-machines by utilizing these characteristics and to secure the sustainability of the
industry, it is necessary to constantly attempt to create value by developing new types of
business models linked to other industries.

Next, for smart farms to fully exert their economic effects, continuous management
and support are required to achieve strategic utilization. The indices of indirect production-
inducing, value-added-inducing, and supply shortage effects, which represent the economic
ripple effects of smart farms, were lower than those of conventional agriculture. This can be
interpreted as a situation in which the effects of the fourth industrial revolution technologies
examined in the literature are not fully expressed. For the fourth industrial revolution
technology to show a sufficient effect in the agricultural sector, strategic utilization of
ICT-based fourth industrial revolution technology specialized in the agricultural sector
is necessary. Just as the information system management area has received attention and
its influence has been proven in the field of business administration and various social
sciences, the agricultural field also needs research, support, and continuous management
in various forms. To this end, not only technical resources but also the operation and
execution of smart farms and training of human resources who can plan must be conducted
simultaneously.

In addition, this study provides the following implications from a practical point
of view. First, it can be usefully used when establishing support policies for smart farm
technology for government-level farmhouses. Second, companies in the field of smart farm
technology can use it as data to quantitatively grasp the level of economic ripple effects of
smart farms in Korea. Lastly, agriculture-related companies or the subject of smart farm
introduction will be able to use it as important data when checking the future direction of
agriculture and thinking about what to prepare for smart farm to achieve results.

By analyzing the economic ripple effect of smart farms, this study explored whether
the fourth industrial revolution technology could be applied to agriculture to achieve
sustainable economic growth. This approach is meaningful because it judges sustainability
by comparing the economic approaches of smart farms and agriculture. However, the
following limitations and topics for further research remain.

First, it was analyzed using the 2019 Korean Input–Output table. It has been six years
since the basis for the promotion of smart farm supply and R&D was prepared, and the
entire plan of the ‘Agriculture, Forestry, and Food Science and Technology Fostering Mid-
to Long-term Plan’ for 2013–2022 has not been completed. Accordingly, this can be seen as
a time when smart farms have not achieved the economically mature stage. The results
of this study confirm the possibility of sustainable economic growth. Therefore, when the
supply of smart farms is expanded to include various types of agriculture in the future,
analysis of their difference from the results of this study and their causes will be necessary.

In addition, since this study analyzed various stages ranging from agriculture, smart
agri-machines and smart farms to achieve the research purpose, Korea has a high level
of information and communication technology utilization and promotes the spread and
R&D of smart farms as a policy. However, there is a need to conduct research targeting
several countries because there are differences in the utilization of information and com-
munication technology by country and there are differences in agricultural industrial scale
and manpower. Subsequently, a more generalized result can be obtained by comparatively
analyzing the economic effects of each country.

Finally, it is necessary to conduct research on the business side to create value for
smart farms. For the fourth industrial revolution technology to be applied to any industry
and create value, managerial aspects must be considered. Only when these studies are
conducted and applied can the effects of the fourth industrial revolution technology be
obtained, and economically sustainable growth can be achieved.
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